We investigate the pore network geometry and permeability of six natural sandstones and carbonate rocks. Using 3D microtomographic images, we segment each rock sample into three phases: Solid matrix of grains, macropores containing void spaces, and a third microporous phase containing nanometer-sized pores beyond the resolution of the image. In the majority of our samples, the microporosity exists inside cements deposited as a secondary phase along the surface of grains. Within the macropores, the pore radius, coordination number, throat radius, and throat length display a power law relation with porosity. We also find that the permeability of the aggregate depends on the porosity following the relation k = k 0 φ 3.32 , where log k 0 = 5.52 (mD). The fraction of connected porosity shows a strongly non-linear reduction with an increase in the volume fraction of microporous cement.
INTRODUCTION
Carbonates and sandstones form important reservoirs for hydrocarbons and can act as potential sinks for the future storage of anthropogenic green-house gases by carbon capture and sequestration. The nature of the pore space in these rock types can be complex, often resulting from a combination of depositional and diagenetic processes. The pore geometry of carbonates is commonly more tortuous due to millimeter scale macroporosity, which may include interparticle, intercrystal, moldic and vuggy porosity (Choquette and Pray, 1970) , and microporosity (submicron porosity), typically intraparticle, including partially dissolved bioclastic and/or grain material, and cementation found along the pore and throat grain contacts. Clean sandstones display a simplistic pore geometry, with macroporosity forming a more uniform intergranular network and microporosity forming from detrital and authigenic clays (Pittman, 1979) . "Tight" (low porosity) sandstones, however, can demonstrate characteristics that lead to a more complicated pore network. Such features include variable grain size, grain packing, sorting, clay distribution and after burial compaction (Marquez et al., 2014; Teles et al., 2016) . Additionally, primary pore geometry in these sandstones can be reduced by cementation, rendering them "tight." Consequently, determination of petrophysical properties of these sandstones are often as challenging as carbonate rocks.
Conventional relationships used to predict petrophysical properties are restricted by the presence of microporosity found in many carbonates and tight sandstones. Such relationships include Archie's law for resistivity, the Carman-Kozeny permeability estimate and the Brooks-Corey parameterization of relative permeability, which were all originally designed for more simplistic rocks with intergranular pores. When considering these classic models for complex carbonates and tight sandstones, the results are inaccurate due to the greater range in pore-size distributions and interconnectivity of different pore types (Jennings and Jerry Lucia, 2003) .
The use of X-ray computed microtomography (micro CT), high resolution, three-dimensional (3D) images of porous geological media have become greatly popular over the past two decades (Valvatne and Blunt, 2004; Andrä et al., 2013a,b; Madonna et al., 2013; Prodanović et al., 2014; Bultreys et al., 2016a) . This non-invasive technique allows 3D pore geometries to be evaluated quantitatively, whilst preserving the integrity of the original sample. The other great advantage of a digitized pore space network reconstruction is the ability to simulate a multitude of different transport properties. Porous flow, in particular, has several applications to many important geological fields, including hydrology, the recovery of oil and gas, and carbon sequestration. Recent studies related to the storage of anthropogenic CO 2 in the subsurface highlight the in situ process of dissolution and its effects on porosity and permeability of different carbonates by means of experiment performed with lab-based micro CT scanner visualization (Menke et al., 2015 (Menke et al., , 2016 . Numerical models of single and multiphase fluid flow have also been used to predict absolute and relative permeability for a variety of different rock type. The use of traditional computation fluid dynamics, which incorporates finite difference, finite volume and finite element (Mostaghimi et al., 2013; Raeini et al., 2014) , and the lattice-Boltzmann method (Ramstad et al., 2010; Shah et al., 2016) have proven popular in recent years. For more detail on the use of micro CT and its applications to geoscience, the reader is referred to a number of recent review papers (Cnudde and Boone, 2013; Bultreys et al., 2016a; Berg et al., 2017) .
Other studies have shown that micro CT can provide useful insights into the key processes occurring at the pore scale within unconventional resources such as shale oil and shale gas. Ma et al. (2016) successfully combined micro CT and scanning electron microscopy (SEM) to identify and quantify four different types of porosity within the Bowland Shale, UK. Their results indicated that porosity was unconnected at scales greater than 20 nm, whilst organic matter and clay minerals at scales of less than 20 nm was found to be connected and offered potential diffusion transport pathways for gas. A similar study by Saif et al. (2017) on the Green River oil shale (USA) highlighted the evolution of an interconnected fracture network and increased porosity due to the breakdown of kerogen into hydrocarbon fluids during pyrolysis. Such insights are powerful tools which can be used to estimate the petrophysical properties of many rocks for modeling and designing production processes.
Microporosity typically exists at a resolution below that from which clear segmentation can not be achieved. This results in an intermediate phase, that can neither be assigned to void space nor solid in conventional micro CT. To accurately visualize and represent microporosity in 3D it is possible to combine SEM with various reconstruction techniques (Øren and Bakke, 2003; Okabe and Blunt, 2005) , or more recently, with the use of focused ion beam scanning electron microscopy (FIB-SEM) (Bera et al., 2011; Jiao et al., 2014) . The variation in pore sizes between micro and macroporosity means that not all pores can be incorporated in one single imaging experiment. It remains challenging to combine data from multiple experiments because the necessary resolution of such a model is influenced by the finest pores, while the minimal size of the model is controlled by the representative elementary volume of the sample (Bultreys et al., 2016a) . The joint modeling of such different scales results in a difference of several orders of magnitude, which often presents computational limitations. The use of a pore network model (PNM) reduces the computational expense, which at present are probably the best suited technique for dual scale porosity simulations (Jiang et al., 2012 (Jiang et al., , 2013 Mehmani and Prodanović, 2014; Bultreys et al., 2015) .
Despite the challenges in identifying and quantifying microporosity, their presence can provide an insight into the nature of fluid flow through a connected, intergranular macroporous network. In this article, we distinguish microporosity arising from two different sources: microporosity in primary rock-forming grains and microporosity within secondary phases. An example of the former includes fossils in carbonate rocks while an example of the latter includes microporous cement deposited as secondary phases along the walls of a pore network. Recent work by Bultreys et al. (2015) discussed the effective transport properties combining imaged macroporosity and models of microporosity. We refer the reader to this work for physical properties involving microporosity and focus on (a) the pore network geometry of the connected macro pore space, macroporosity, and (b) the way development of secondary microporosity, or cement, affect the connectivity of the primary porosity.
We segment and analyze the micro CT images of six natural sandstones and carbonates into three phases (microporosity, macroporosity and matrix) to quantify their volume fraction and to evaluate the nature of their pores and throats using pore network models. We further analyze each rock type by selecting one or more smaller regions of interest (ROI) to assess sample heterogeneity and perform error analysis. We compare the results between three different sandstones, the Doddington, Knorringfjellet, and Wilcox, and three different carbonates, the Estaillades, Massangis Jaune, and Savonnières. The characteristics of the raw data for all six samples is summarized in Table 1 .
METHODS
All data used in this work was sourced externally. The Doddington and Wilcox sandstone data sets were acquired online from the British Geological Society's (BGS) National Geoscience Data Centre (Shah et al., 2016) and the Digital Rocks Portal Prodanović et al., 2014) , respectively. Images for the Knorringfjellet sandstone and three carbonate samples, Estaillades, Massangis Jaune , and Savonnières were kindly provided by Tom Bultreys (Bultreys et al., 2016b ) (Imperial College London). We filtered the gray scale images to reduce noise and remove unwanted artifacts. We then segmented the filtered image into microporosity, macroporosity and matrix by thresholding. Next, we analyzed the proportion of microporosity and macroporosity in each sample, using a series of ROI to assess the influence of sample heterogeneity. Pore network modeling and absolute permeability simulations were then carried out to characterize the nature of the pore geometries in all samples and to quantify the effect of microporosity on single phase fluid flow. We used the commercial software PerGeos, from Thermo Fisher Scientific, to prepare images, to perform network modeling, and to simulate fluid flow through the segmented 3D images.
Image Processing
We filtered the micro CT images to reduce spurious features that occur from the image acquisition process (Ketcham and Carlson, 2001; Wildenschild et al., 2002) and to amplify the contrast between key phases. Firstly, we extracted a subvolume from the original raw data for computational efficiency in filtering and simulations at a later stage. The sub volume characteristics are highlighted in Table 1 . Next, we applied various filters including anisotropic diffusion, non-local means, and despeckle to reduce salt and pepper noise at the center of grains, whilst maintaining detail at the boundaries between pores and solid matrix.
The process of segmentation in micro CT images is a crucial step which can induce operator bias and subsequently affect the quality of all other image analyses (Wildenschild and Sheppard, 2013; Schlüter et al., 2014) . A wide variety of segmentation techniques exist, which can broadly be separated into two groups. Global thresholding includes all methods where labels are assigned to voxels by histogram evaluation only, without thought for how the gray values are spatially arranged in the image. Such techniques have been reviewed extensively in the past by many authors (Pal and Pal, 1993; Trier and Jain, 1995; Sezgin and Sankur, 2004; Iassonov et al., 2009 ), only to conclude that none of the methods are particularly good for all segmentation challenges. Local segmentation techniques make up the other popular class and these take account of neighborhood statistics enabling smoother boundaries, avoidance of noise objects, and compensation for local intensity changes. This greater flexibility and often more satisfying segmentation results is what differentiates the local segmentation methods from global thresholding (Iassonov et al., 2009; Wang et al., 2011) .
In this work we used manual thresholding to segment the volume into three phases: microporosity, macroporosity and matrix. Whilst the classification for labeling the macroporosity and matrix were fairly simple, the microporosity existed as an intermediate phase, which created a more challenging interpretation. This intermediate phase included voxels of a particular gray scale that could often be identified in contact with macroporosity at the edges of grains (cementation), and sometimes occurring as whole or part of grains. This observation suggests that some microporosity exists as partially dissolved grains and/or bioclastic material in most of the samples. Although our chosen technique was user dependent and was likely to result in a certain degree of uncertainty, we manually adjusted the thresholds to produce results that we considered visually correct. To further reduce this uncertainty we benchmarked our results where possible with those found in previous studies Derluyn et al., 2014; Mehmani and Prodanović, 2014; Alyafei and Blunt, 2016; Bultreys et al., 2016b) . The micrographs in Figure 1 show the segmented gray scale images from the six samples analyzed in this study.
Pore Network Model (PNM)
Following segmentation, pore-based PNM are extracted using a hybrid method described in Youssef et al. (2007) . This method employs a medial-axis algorithm guided by a distance map which progressively erodes the pore-grain interface until a one-voxel thick skeleton of the entire pore space is achieved. The algorithm then calculates the length and connectivity of each line and designates each one as either pore or throat based on a known extreme radius. The intersection between two or more lines is marked as a node. A segment of the skeleton is marked as a pore if the extreme radius of the segment is larger than its length, whilst throats are classified as segments with length that do not exceed their extreme radius. The subsequent expansion of the one-voxel thick skeleton in these pores and throats allows the calculation of the radius of sphere (able to fit in each pore) and the length and equivalent hydraulic radius of each throat. The output of this algorithm results in the coordination number (number of throats connected to each pore), radius, area and volume of every pore, and the radius and length of each throat.
We test a simple model to evaluate the effects of microporosity on the pore geometry using two different scenarios. Initially, we generate the PNM using only the connected pore space (where possible) of macroporosity. Following this, we generate a second PNM where we assume that microporosity is made up of 100% void space, thus describing the pore network prior to cementation. To do this, we simply created a separate binary image for the total porosity case which incorporated both the microporosity and macroporosity. In samples where microporosity occurs within the cement, this step allows us to compare the reduction of pore connectivity and permeability due to cementation. All PNM simulations reported here are derived only from the macropores. The PNM analysis of micropores is an interesting topic for research involving high resolution nano-CT. 
Porosity
Using the smaller sub-sampled volumes of each rock, we generated new label fields for microporosity and macroporosity in each volume. Microporosity was assigned to the voxels deemed to be associated with the primary rock-forming material (e.g., fossils in carbonates that may have been affected by secondary dissolution) and cement phases found along the walls of the pores. Typically these phases appear as a lighter shade of gray compared to macroporosity. The macroporosity was assigned with much less difficulty based on a dark black or gray color (Figure 1) . The volume fraction of porosity was calculated in each of these by measuring the number of voxels assigned to the void space, compared to those making up the remaining background voxels in each sub-sample. The macroporosity and microporosity proportion was calculated for each of the different samples by using the phase segmented data and calculating the volume of the total number of macroporosity and microporosity voxels to the total number of voxels in the complete sample. The total porosity was simply calculated by adding the macroporosity and microporosity. The volumes used for the calculations of the entire sample are highlighted in Table 1 , whilst the volume fraction of porosity is summarized in Table 2 .
We took the porosity analysis a step further and separated each sample down into further divisions to assess the heterogeneity at this scale. All samples were subsampled along the Z-axis into divisions of three, with the exception of the Knorringfjellet sandstone (8 subvolumes). It is important to note that microfractures can contribute toward the connectivity of pores in many rocks. These microfractures may be natural or induced during the sample preparation stage. With the images used in this study we found no evidence to suggest the presence of microfractures, so focus on the primary porosity that can be observed in all images. The connectivity of the macroporosity in each subsample volume was assessed along the Z-axis. Volumes found to have a connected network that passes a percolation threshold from top to bottom were classified as having a connected porosity. Voxels that belong to the initial porosity but do not make up part of the connected network are determined as isolated pores and are removed from the resulting binary image. To fully evaluate the heterogeneity of each rock we generated a combined (microporosity and macroporosity) label field to test the total porosity case and assess whether or not the microporosity had any effect on the connectivity of each sub-sample volume.
Permeability Simulation
We performed absolute permeability simulations on each rock to calculate the flow of fluid directly through the connected pore space of the 3D micro CT images. We used a finite volume solver in the petrophysics module of PerGeos to calculate the flow of water given by Stokes equation,
where u is the fluid velocity vector, P is the pressure and µ = 1×10 −3 Pa.s is viscosity of water. Each simulation was set up with
Frontiers in Earth Science | www.frontiersin.orgTABLE 2 | Volume fraction of total porosity (φ T ), macroporosity (φ M ), microporosity (φ m ), total connected porosity (φ T C ), connected macroporosity (φ M C ), and connected microporosity (φ m C ) of total smple volumes. Analysis performed on volumes described in Table 1 . Table 2 summarizes the volume fractions of porosity observed in all samples. Subdivisions are also shown here, from which the subvolume porosity analysis was performed.
a series of specified boundary conditions described in Thomson et al. (2018) . Parameters were kept constant for all simulations, with the exception of the 3D micro CT input image. We carried out numerical simulations on the connected pore network derived from both the total pore space and the macro pore space for all samples except for the Wilcox sandstone and Massangis Jaune carbonate. In the former, a connected pore network could not be established using the method described above. In the latter, a connected network was absent in macropores, but existed in micropore and total pore space. Samples in which micropores occur within the cement phase, we define the normalized permeability k * = k M /k T , where k M is the permeability derived from the macro pore network and k T is the permeability derived from the total pore space (e.g., both macro and micro pores combined together). In section 4 we show the variations in k * with cement volume fraction (volume fraction of micropores).
We first carried out permeability simulations in samples with a connected porosity across the entire volume, evaluating both k M and k T , to assess the changes to permeability with the addition of microporosity permitting total flow. Next, we followed a similar approach to assess the influence of heterogeneity within the microtomographic images. We selected small regions of interest in each volume along their Z-axis. Each subvolume was 200 slices (voxels) in length. We then calculated the total porosity and connected porosity, when possible, in each sub-sample. Volumes found to have connected porosity were used to simulate permeability. Variations in porosity within the small subvolumes are shown in Figures 3B,D for Doddington and Knoringfjellet sandstones.
The numerical value of permeability, determined from the simulations, depends strongly on the convergence criterion for the simulation. The convergence criterion or error, ǫ, is defined as the maximum change in the value of an unknown variable (e.g., velocity and pressure) per time step. Equations (1) and (2) describe a steady-state, i.e., the calculates values of x, y, and z components of velocity and pressure should not change on subsequent iterations. As a result, we can define,
(3) where n is the current iteration, v i are components of the velocity vector, P is the pressure, t is the time step and c 2 is a compressibility coefficient used in the simulation.
We carried out a series of numerical experiments ( Figures 3A,C) , by terminating the simulations when a prescribed value of ǫ is reached. The results in Figures 3A,C) show the sensitivity of the permeability to the value of ǫ. While a high value of ǫ, such as 10 −3 , reduces the computation time, the computed permeability is significantly higher than those obtained for a lower value of ǫ. For example, in Figures 3A,C , the calculated permeability remained nearly constant for ǫ ≤ 10 −5 . After performing this initial series of sensitivity tests on Doddington and Knoringfjellet sandstones, we set the value of ǫ between 10 −5 and 10 −6 for the remaining permeability simulations.
RESULTS
For each sample we compare the porosity, PNM characteristics and permeability. We show the total porosity, the proportion of macroporosity and microporosity, and the volume of connected (effective) porosity for each of these. The PNM attributes highlight the variation in the characteristics of pores and throats. Lastly, we compare the results of permeability simulations using a macroporosity only model and a total porosity (micro and macro) model through the samples.
Porosity Analysis
The Doddington and Knorringfjellet sandstones are both potential CO 2 sequestration target reservoirs with quite different porosity characteristics. The Doddington sandstone has a higher total porosity of 18.6%, which is largely shared by macroporosity, contributing to 89.8% of the pore space, whilst only a small fraction of microporosity makes up the remaining network. Overall, the Doddington sandstone has good effective porosity with total connected porosity at 18.5% and connected macroporosity at 16.6%. Conversely, the Knorringfjellet sandstone has a much lower total porosity of 7.7%. The macroporosity and microporosity in this sample are 4.3 and 3.4%, respectively, indicating that the microporosity occupies a larger proportion (44.2%) of the total pore network compared to that observed in the Doddington sandstone (10.2%). The total connected porosity observed in the Knorringfjellet sandstone is 20% reduced compared to its overall total porosity, significantly more compared to that seen in the Doddington sandstone.
The unconventional Wilcox sandstone is a tight gas target with similar porosity characteristics to the Knorringfjellet sandstone. The Wilcox also has a low total porosity of only 7.1%, separated by 3.2% macroporosity and 3.9% microporosity. In this sample the microporosity contributes toward 54.9% of the total pore space, providing the highest proportion of microporosity observed in all the sandstone samples that we analyzed. As indicated in the data in Table 2 , we failed to detect an interconnected pore network in this sample.
The Doddington sandstone shows very minimal variation across the three volumes with a range in total porosity from 18 to 19.2%. The total porosity is reduced by an average of 0.7% when assessing the connectivity of the total pore volume. The Knorringfjellet sandstone however, shows greater variation across the eight volumes that were analyzed. This sample has a range in total porosity from 7 to 8.8%, whilst the proportion of connected total porosity is reduced by 20% on average. The Wilcox sandstone follows a similar trend with increasing heterogeneity. This sample has a total porosity range from 6.6 to 7.4%, and a significant reduction in the proportion of the total porosity when considering the connectivity of the network. On average, the total connected porosity is reduced by 66%. Interestingly, this is only observed in the sub-volume analysis, whilst zero connected porosity was identified using the whole volume.
The three limestone samples are from outcrop in France. The Estaillades limestone has a total porosity of 19.1%, which is largely occupied by macroporosity, 61.3% of the total pore volume. The microporosity makes up only 7.4% of the total sample volume, the lowest proportion observed in all three of the carbonates analyzed. The connectivity of the total porosity is high, with only a 3.7% reduction compared to the total pore volume. The Massangis Jaune carbonate has the lowest total porosity of all three carbonates, with 16.1% total pore volume. Of this, the macroporosity makes up only 30.4%, the lowest proportion observed in the carbonates. This sample is also the only one to have a microporosity fraction that exceeds that of the macroporosity. The total porosity is wellconnected, with microporosity seemingly contributing almost entirely toward this. The complete absence of connectivity in macroporosity supports this observation. The Savonnières carbonate is composed largely of ooliths and some complete and partial shell fragments. This composition provides the highest total porosity observed in all of the samples (32.5%). The macroporosity has a 64.3% share of the total pore volume, which appears as intergranular and moldic porosity. Microporosity fulfills the remaining pore space as partially dissolved ooliths and shell material. The total porosity is well-connected, represented by 28.8% of total sample volume.
The Estaillades limestone shows the widest range in total porosity, with values from 18.6 to 22.7%. This porosity is reduced by an average of 3.9% when we take the connectivity of each pore volume. This is the lowest reduction in porosity observed between the three carbonate samples. The Massangis Jaune sample had a range in total porosity from 15.2 to 17.2% across the sub-volumes. The total connected porosity was 9.7% less on average compared to the total pore volume when analyzed. This sample has a huge variation in the connectivity of the macroporosity, with a range from 47.8 to 93.8%. This is interesting as zero connected macroporosity is observed when considering the whole sample volume. The Savonnières limestone has a total porosity range from 31.7 to 33.2%. The connected proportion of this porosity is reduced by 12.6% on average.
Pore Network Model Characteristics
The PNM uses the macroporosity of each sample to generate an idealized network of pores and throats, represented by red spheres and gray cylinders, respectively (Figure 4) . The visualizations shown in Figures 4a-f highlight the contrast between the nature of the pore networks when the models have been scaled to show the same characteristics (pore and throat radius).
We compare the characteristics of the macropore geometry for the three different sandstone samples: Doddington, Knorringfjellet, and Wilcox in Figures 4a-c . The pore network of Doddington sandstone (Figure 4a ) is dense and well-connected, due to higher porosity and generally larger pores and throats. The mean coordination number for pores is 4, whilst the median pore radius, throat radius and throat length is 25.2, 14.9, and 158.6 µm, respectively. The pore network shown in the Knorringfjellet sandstone (Figure 4b) is significantly less dense, and appears to have a more isolated confined nature compared to the other two sandstones. The mean coordination number is 3, whilst the dimensions of the network in the Knorringfjellet sandstone are the smallest observed in all three sandstones, with median pore radius of 6.2 µm, throats of radius 3.6 µm and throat length of 33.8 µm. The Wilcox sandstone (Figure 4c ) has the lowest connectivity with a mean pore coordination number of 1. The FIGURE 5 | Log normal distribution of the pore and throat geometry in sandstones (A,B) and limestones (C,D). The left column illustrate the distribution of pore radii, while the right column displays the distribution of throat radii. Six samples from this study (KF, Knorringfjellet; Wil, Wilcox; Dod, Doddington; MJ, Massangis Jaune; Sav, Savonnières; Est, Estaillades) and two samples (FB, Fontainebleau; Ber, Berea) from Thomson et al. (2018) . Showing mean values of coordination number, and median pore radius, throat radius, and throat length. * Zero connected porosity to perform permeability simulation.
Frontiers in Earth Science | www.frontiersin.orgFIGURE 6 | Macropore network characteristics of the six samples from this study (KF, Knorringfjellet; Wil, Wilcox; Dod, Doddington; MJ, Massangis Jaune; Sav, Savonnières; Est, Estaillades) and 2 samples (FB, Fontainebleau; Ber, Berea) from Thomson et al. (2018) . The panels display log-log plots of (A) pore radius, (B) throat radius, (C) mean coordination number, and (D) throat length as a function of macroporosity. The broken line indicates a power law fit through the six data points from this study. The power law exponent for each fit is annotated in the plot. The two samples with smaller symbol size are from higher resolution images with smaller voxel dimensions.
low connectivity of the pore network in Wilcox can be visualized in Figure 4c by the relatively high abundance of red, spherical pores and low abundance of gray, cylindrical throats compared to the Doddington network in Figure 4a , which shows a high abundance of throats connecting the pores. In Wilcox, pores have a median radius of 7.4 µm, whilst the median throat radius is 5.5 µm and the median throat length is 37.1 µm.
The macropore network characteristics of the three different carbonates: Estaillades, Massangis Jaune, and Savonnières are compared in Figures 4d-f . The Estaillades limestone (Figure 4d) has the highest density of small, gray, and cylindrical throats, reflected by a pore coordination number of 5, the highest value observed in all samples. The median pore radius, throat radius and throat length is 12.4, 5.9, and 40.4 µm, respectively. The pore geometry observed in the Massangis Jaune limestone (Figure 4e) is the least well-connected, highlighted by a mean pore coordination number of 1. This sample has median pore radius of 7.2 µm, median throat radius of 7.9 µm, and median throat length of 53.4 µm. The Savonnières limestone network (Figure 4f ) also consists of high throat density, reflected by a pore coordination number of 4. The pores in Savonnières have a median radius of 19.2 µm, whilst the throats have a median radius of 9.8 µm, the highest values observed in all three carbonates. The same can be said for the median throat length, calculated at 66.7 µm.
The log normal plots in Figure 5 show the distributions of pore and throat geometries in sandstones (Figures 5A,B) and carbonates (Figures 5C,D) . We also report the mean coordination number, median pore and throat radius, and median throat length values in Table 3 . In Figures 5A,B , we included published data from Fontainebleau and Berea Sandstones (Thomson et al., 2018) for comparison. The high coordination number and connectivity in the Doddington sandstone is clearly demonstrated by the peaks in the histograms in Figures 5A,B . The distribution of pore radius in all three carbonates in Figure 5C are asymmetric with a skewness toward the right. In comparison, distribution of throat radii in the carbonates in Figure 5D is nearly symmetric.
The main attributes of the pore network display a power law relationship with porosity. The data in these plots involve only the macroporosity. The plots shown in Figure 6 demonstrate the relationship between porosity and pore radius, throat radius and throat length in all six samples, with the addition of two sandstones used in a similar study by Thomson et al. (2018) . We also plot the porosity-coordination number relation for comparison. In the log-log plots, we overlay fits of the form y = aφ n , in each plot with the value of n annotated in the plots.
Among the PNM attributes considered here, the pore radius displays the strongest dependence on porosity. From the porosity-pore radius plot in Figure 6A we observe that the pore radius varies with porosity with an exponent of 2/3. Both the radius and length of the throats in panels (B) and (D) show a near square-root variation with porosity. Coordination number of the pores also increase with the porosity with an exponent of 0.57.
Absolute Permeability Simulation
We modeled the single phase flow of water directly through the pore space images of the macroporosity and total porosity cases along the Z-axis only. Results of each simulation have been summarized in Table 3 . In the Doddington sandstone, permeability measured through macroporosity has a value of 3,013 mD, which increases by 24% to 3,725 mD when the simulation is computed considering the total porosity. These are the highest values of permeability observed in the three sandstone samples. The Knorringfjellet sandstone shows a dramatic increase in permeability when considering the macroporosity and total porosity scenarios. The connected porosity proportion has a permeability of 7 mD. The total porosity provided a value of 60 mD, which is 760% increase compared to the macroporosity only simulation. The Wilcox sandstone has zero connected porosity when analyzing the entire volume in this study, and therefore could not be used to simulate flow. As such, no permeability measurements were acquired. The Estaillades limestone allowed flow through its macroporosity at 259 mD. Compared to the total porosity model, this value increased by 132% to 601 mD. Similarly to the Wilcox sandstone, the Massangis Jaune limestone has zero connected porosity in the macroporosity case, meaning that no permeability simulation FIGURE 7 | Plot of porosity and permeability from our samples and Fontainebleau (FB) and Berea (B) sandstones from Thomson et al. (2018) . Filled circles represent data from total porosity while filled squares represent data from macroporosity alone. The broken line is a fit to the data of the form k = k 0 φ n . The fit parameters are annotated in the plot.
could be modeled. However, in the total porosity case the connectivity across the Z-axis permitted flow and a permeability measure was obtained at 612 mD. The Savonnières limestone has the most efficient network for fluid flow, with a macroporosity permeability value at 1408 mD. The total porosity simulation provided an increased permeability at 3,990 mD, 183% more.
We display the combined porosity and permeability data in Figure 7 . Where applicable, the plot displays data from both the macropore network (filled squares) and total pore network (filled circles). Also added in the plot are data from Fontainebleau and Berea sandstones from Thomson et al. (2018) . We fit the data with an equation of the form k = k 0 φ n . Values of both parameters are annotated in the plot. The exponent of n = 3.32 from our data is higher than the theoretical value of n = 2 of throats with a circular cross section, but is slightly lower than the value of 3.8-4.5 obtained from experimental measurements (Doyen, 1988; Bernabé et al., 2010; Revil et al., 2014) .
DISCUSSION

Micropermeability
As discussed in the introduction, dimension of the micropores in our samples are beyond the limit of detection and analysis in this study. As a result, certain assumptions must be made regarding the geometry and connectivity of micropores Bultreys et al. (2015) . We chose to select two end member cases. In one case, the microporosity is considered impermeable, thus the permeability of the rock is determined only by the macroporosity. In the other case, we consider the microporosity consists essentially of void space and the effective permeability of the rock is given by the total permeability. In reality, the microporous phase may have a non-zero permeability, rendering the effective permeability somewhere between these two cases. To rigorously address the issue of micropermeability two issues need to be addressed in future work.
First, the 3D microtomographic images of the pore network can be supplemented by additional, higher resolution 3D images, possibly obtained by techniques such as FIB electron microscopic tomography. These two different scales will provide two values of permeability through the macro and micro pore spaces, which then need to be averaged using some weighting formula.
Secondly, the nature of flow through nanometer-sized pores can be fundamentally different from the classic Darcy flow model. At such small pore dimensions, the ratio between surface area to volume of pores increase substantially (Israelachvili, 1991; Chen et al., 2004) , rendering surface tension at the grain-fluid interface as a strong retarding force to fluid percolation. Thus, evaluation of permeability from these pore spaces need to use a modified form of Stokes flow, taking into account the surface tension (Hier-Majumder et al., 2006; Takei and Hier-Majumder, 2009; Hier-Majumder and Abbott, 2010) .
Despite these uncertainties, the end member approach taken in this study can be extremely useful in identifying the role of cementation in reducing permeability during reactive porous flow. In the following section, we discuss the implications of our results on such flows.
Effect of Cementation on Fluid Transport
Cementation during reactive porous flow leads to the deposition of secondary phases along the initially interconnected pore network, reducing the effective transport properties of the network. Using the results of our pore network models and permeability simulations, we can quantify the influence of cement volume fraction on two important parameters, the fraction of connected pore space and the ratio between permeability after and before cementation.
The 3D image of Knoringfjellet sandstone in Figure 8 demonstrates the way cement, identified as the microporous phase, influences the pore space. The grain matrix is shown in gray scale, while the macroporosity (labeled "pore") and microporosity (labeled "cement") are identified in cyan and red, respectively. As the colored image on the right demonstrates, the cement fills up several channels essentially disconnecting the top and the bottom sections of the image. The presence of this cement has important consequences on the connectivity of the pore network.
For example, the Doddington sandstone has a total porosity of 18.6%, of which only 1.9% resides in microporosity ( Table 2) . As a result, 16.6% of the total volume of the Doddington sample resides in connected macropores. In contrast, Massangis Jaune carbonate shows a comparable total porosity of 16.1%, the majority of which (11.2% of total volume) resides in microporosity in the cement. In this sample, no connected macroporosity was detected due to cementation. The plot in Figure 9A plots the fraction of interconnected macropores as a function of cement volume fraction. As the plot depicts, the interconnectivity of the pore network is substantially reduced at cement volume fractions greater than 4 vol%. This result implies that the connectivity of a pore network will decline with time as precipitation occurs during reactive porous flow, until this FIGURE 8 | 3D visualization of gray scale and segmented images of a subvolume in the Knorringfjellet sandstone. The micrograph in the middle overlaps the gray scale image on the segmented phases, whereas the micrograph on the right shows only the macropore and the microporous cement.
FIGURE 9 | Plots of fraction of (A) interconnected macroporosity and (B) the ratio between macro permeability and total permeability as a function of cement volume fraction. threshold value is reached at which majority of the network will be cut-off from pervasive percolation of pore fluid.
The effect of cementation is also observed directly on the effective permeability. Since the segmentation allows us to evaluate the pore space before (total porosity) and after (macroporosity) cementation, the ratio of permeability between these two networks can be quite useful. The plot in Figure 9B illustrates this behavior in the plot of k * = k M /k T as a function of cement volume fraction. As before, we notice that the permeability declines sharply with an increase in cement volume fraction, eventually becoming zero for cement volume fractions greater than 4 vol%. The permeability values are reported in Table 3 .
As permeability is progressively reduced by cement deposition, the fluid flux through a pore network will decrease with time. A number of recent studies on reactive porous flow during carbon capture and sequestration (Ghesmat et al., 2011; Unwin et al., 2016) and reaction infiltration instability (Takei and Hier-Majumder, 2009; Kelemen et al., 2011; Szymczak and Ladd, 2013) detailed the way in which development of reaction fronts play an important role in sequestering dissolved chemical components in the fluid. None of these studies, however, take into account the way permeability changes during the progression of reactive porous flow. As discussed above, the flux of porous flow will diminish with time due to permeability reduction, thus reducing the efficiency of carbon sequestration over the life time of an operation. The reduction in flux of porous flow can also be seen as a positive, particularly in the upper regions of carbon sequestration reservoirs where the sealing capacity may increase with time due to cementation and clogging of pores. This can enhance reservoir storage and reduce unwanted leakage. Future models incorporating the influence of cementation will provide more accurate and realistic estimates of the amount of carbon that can be stored in subsurface reservoirs.
CONCLUSIONS
• We analyzed 6 natural rocks, most containing a microporous cement phase. We consider the microporosity as void space to capture the pore network prior to cementation and solid to capture the pore geometry after cementation. • In the macropore space, the pore radius varies with porosity with an exponent of 2/3, while mean coordination number, throat radius, and throat length all vary with a porosity exponent close to 1/2. Our results indicate a porosity exponent of 3.3 for permeability.
• We find that, within the sample set used in this study and the resolution of our images, the fraction of connected pores and permeability decrease sharply with cement volume fraction and the connectivity of macropores is cut off near a cement volume fraction of 4%.
DATA AVAILABILITY
The results from PNM model are available through Figshare 
AUTHOR CONTRIBUTIONS
P-RT carried out the image segmentation and permeability simulations in all samples. AH carried out the analysis and permeability simulations on Doddington and Knorringfjellet sandstones. SH-M and P-RT jointly carried out the final pore-network modeling and statistical analysis. All three authors contributed to writing and revision of the manuscript.
FUNDING
This research was also supported by the grant EAR125880 from the US National Science Foundation.
